Growth economists have spent more than forty years slowing chipping away at the Solow residual, largely by attributing increasingly larger chunks of it to investment in human capital. A few years ago we were reasonably certain that this was the way to go. But an increasing number of studies seem to be telling us that the effect of schooling variables on productivity vanishes when we turn to what seem to be the appropriate econometric techniques for the purpose of estimating growth equations. Should we take these results at face value? Before we do so and abandon the only workable models we have, it seems sensible to search for ways to reconcile recent empirical findings with some kind of plausible theory. In this paper we argue that we can make a fair amount of progress in this direction by combining two ingredients: better data on human capital, and a further extension of the human capital-augmented neoclassical model that allows for cross-country productivity differentials and for technological diffusion.
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I. Some New Data
Poor data quality is widely recognized as a prime suspect for the counterintuitive results on human capital and growth found in some recent studies. If human capital stocks have been measured with error (and we have every reason to believe this is the case), their first differences will be even less accurate than their levels, a fact that will bias the relevant coefficients towards zero in many sensible specifications. To assess the importance of the problem, we have constructed new educational attainment series for a sample of 21 OECD countries covering the period 1960-90 and checked their performance against some previously available data sets in a 2 number of standard growth accounting specifications.
1 As we will see, the results are consistent with our initial suspicion that data quality can make a big difference.
Our schooling series are essentially a revised version of (a subset of) Robert J. Barro and JongWha Lee's (1996) data set. We have attempted to increase the signal to noise ratio in the data by exploiting a variety of sources not used by these authors, and by eliminating sharp breaks in the series that can only arise from changes in data collection criteria. Our approach has been to collect all the information we could find on educational attainment in OECD countries, both from international publications and from national sources, and use it to try to reconstruct a plausible pattern, reinterpreting when necessary some of the data from international compilations as referring to somewhat broader or narrower schooling categories than the reported one. This clearly involves a fair amount of guesswork, but as we argue in detail elsewhere, there seems to be no feasible alternative given the lack of homogeneity of the primary data. Barro and Lee's series display a large number of sharp breaks that give a distorted image of the pattern of human capital accumulation and may obscure its relationship with productivity growth. This is clearly illustrated in Figure 1 , where we have plotted the fitted distribution of the annualized growth rate of average years of schooling for all countries and years in each data set.
The difference in the range of this variable across data sets is enormous: while our annual growth rates range between 0.15% and 2%, Barro and Lee's go from -1.35% to 7.80%; moreover, 15.9% of their observations are negative, and 19% of them exceed 2%. The elimination of these 3 implausible observations, moreover, yields a completely different picture of schooling growth over time. As shown in Figure 2 , the correlation of the growth rate of average years of schooling across data sets is almost nil.
[Insert Figure 2 ] We suspect that these features may help explain why the Barro and Lee data often generate implausible results in growth regressions, particularly when these are estimated using panel or first difference specifications. A first indication of this is that the coefficient of a univariate regression of the growth rate of productivity on the growth rate of schooling (with both variables measured as deviations from their contemporaneous sample averages) increases from 0.174 (with a t-ratio of 1.56) with the Barro and Lee data to 1.211 (with a t-ratio of 3.92) with our revised series. The results we report in the following section are also consistent with this hypothesis.
II. A Simple Model
In this section we estimate a simple growth regression that extends a standard aggregate production function with human capital by allowing for technological diffusion and for permanent TFP differences across countries. Following de la Fuente (1996), we estimate an equation of the
where ∆ denotes annual growth rates (over the subperiod starting at time t), q it is the log of output per employed worker in country i at time t, k the log of the stock of physical capital per worker, h the log of the average number of years of schooling of the adult population and η t and γ i are fixed time and country effects. The only non-standard term, b it , is a technological gap measure which enters the equation as a determinant of the rate of technical progress in order to allow for a catchup effect. This term is the Hicks-neutral TFP gap between each country and the US at the beginning of each subperiod, given by
To estimate the model we substitute (2) into (1) and use NLS on the resulting equation with data on both factor stocks and their growth rates. Notice that in this specification the country dummies will pick up permanent cross-country differences in relative TFP levels that will presumably reflect differences in R&D investment and other omitted variables. The parameter λ measures the rate of (conditional) technological convergence. The productivity data are taken from an updated version of Teresa Dabán, Rafael Doménech and César Molinas (1997) , who replicate Robert Summers and Alan Heston's (1991) data set for the OECD using a set of purchasing power parities specific to this sample. We use pooled data at five-year intervals starting in 1960 and ending in 1990 for
Barro and Lee's and our own data set, and in 1985 for the one constructed by Vikram Nehru, Eric
Swanson and Ashutosh Dubey (1995).
[Insert Table 1 ]
The pattern of results that emerges in Table 1 as we change the source of the human capital data is consistent with our hypothesis about the importance of educational data quality for growth estimates. The human capital variable is significant and displays a reasonable coefficient with our revised data (D&D), but not with the Barro and Lee (B&L) or Nehru et al (NSD) series, which actually produce a negative human capital coefficient. Moreover, the coefficients of the stocks of physical and human capital estimated with our data are quite plausible, with α only slightly above capital's share in national income (which is 0.35 in this sample) and β only slightly below N.
Gregory Mankiw, David Romer and David N. Weil's (1992) preferred estimate of 1/3.
III. How Full Is the Neoclassical Glass?
As Mankiw (1995) has argued, most of the results found in the early convergence literature are consistent with an extended neoclassical model built around an aggregate production function that includes human capital as a productive input but assumes that all countries have access to a common technology. 3 Mankiw's conclusion that such a model provides a satisfactory account of the growth process and of the determinants of income levels, however, has been challenged by 5 Nazrul Islam (1995) , Lant Pritchett (1995) and Francesco Caselli, Gerardo Esquivel and Fernando Lefort (1996) among others. These studies have produced rather discouraging results that suggest, in particular, that educational investment is not productive and that the bulk of income differences across countries has little to do with differences in stocks of productive factors.
The validity of the augmented neoclassical model depends on the extent to which cross-country productivity differentials can be attributed to factor endowments rather than to total factor productivity (TFP). In this section we will attempt to gauge the relative importance of these two factors using the model and the data described above. The exercise is similar in spirit to the one performed by Peter Klenow and Andrés Rodriguez-Clare (1997) , but it is conducted using a refined data set that should help improve the quality of TFP estimates and an empirically-based set of production function parameters.
We recover the Hicks-neutral technological gap between each country and a fictional average economy to which we attribute the observed sample averages of log productivity (q) and log factor stocks per employed worker (k and h). Thus, we define relative TFP (tfprel) by
where av denotes sample averages and rel deviations from them. To obtain a summary measure of the importance of TFP as a source of productivity differentials, we regress relative TFP on relative productivity. (Notice that the regression constant will vanish because both variables are measured in deviations from sample means). The estimated coefficient gives the fraction of the productivity differential with the sample average explained by the TFP gap in a typical country.
The average TFP share in relative productivity rises consistently over the sample period, from 0.353 in 1960 to 0.472 in 1990. That is, TFP differences seem to have become relatively more important over time in explaining productivity disparities. Towards the end of the sample period, one half of the productivity differential with the sample average can be traced back to differences in technical efficiency, with the other half being attributable to differences in factor stocks. The message is similar if we use Klenow and Rodriguez-Clare's estimates of the TFP gap, as the TFP 6 share estimated with these data is 0.495 in 1985. 4 These figures stand approximately half way between the conclusions of Mankiw (1995) , who attributes the bulk of observed income differentials to factor endowments, and those of Caselli et al (1996) and some other recent panel studies, where fixed effects that presumably capture TFP differences account for most of the observed cross-country income disparities. 5 We view our results as an indication that, while the augmented neoclassical model prevalent in the literature does indeed capture some of the key determinants of productivity, there is a clear need for additional work on the dynamics and determinants of the level of technical efficiency.
IV. Conclusion
A number of authors have recently called attention to the crucial role of technical efficiency in understanding productivity disparities across economies and questioned the capacity of the human capital-augmented neoclassical model with a common technology to explain the international distribution of income. In this paper we have assessed the quantitative importance of this factor using a simple growth specification that can be seen as a further extension of (the technological components of) an augmented neoclassical model that allows for cross-country differences in TFP levels and for technological diffusion. We have estimated this specification using a revised data set on schooling for a sample of OECD countries and found that it explains 80% of the variation in the growth rate of productivity and that it yields sensible technological parameters. We have then used the model and the underlying data to quantify the contributions of factor stocks and levels of technical efficiency to observed productivity differentials. Our results show that the relative importance of TFP differences is considerable and that it has increased over time to account for about one half of the productivity differentials observed at the end of the sample period. These findings reinforce recent calls by Edward C. Prescott (1998) and other authors for better models of technical progress as a key ingredient for understanding international income dynamics while preserving an important role for factor stocks as a source of cross-country income disparities.
estimate of their indirect effects through induced factor accumulation. We consider only the direct contribution of the TFP gap.
5 Using our 1990 data and Caselli et al's most "plausible" parameter estimates (α = 0.107 and β = 0.00) , the share of TFP in relative productivity is 0.90. Barro and Lee (1996) Figure 2: Correlation across data sets of the growth rate of average years of schooling. 
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